Purpose: Model observers have been successfully developed and used to assess the quality of static 2D CT images. However, radiologists typically read images by paging through multiple 2D slices (i.e., multislice reading). The purpose of this study was to correlate human and model observer performance in a low-contrast detection task performed using both 2D and multislice reading, and to determine if the 2D model observer still correlate well with human observer performance in multislice reading. Methods: A phantom containing 18 low-contrast spheres (6 sizes 9 3 contrast levels) was scanned on a 192-slice CT scanner at five dose levels (CTDI vol = 27, 13.5, 6.8, 3.4, and 1.7 mGy), each repeated 100 times. Images were reconstructed using both filtered-backprojection (FBP) and an iterative reconstruction (IR) method (ADMIRE, Siemens). A 3D volume of interest (VOI) around each sphere was extracted and placed side-by-side with a signal-absent VOI to create a 2-alternative forced choice (2AFC) trial. Sixteen 2AFC studies were generated, each with 100 trials, to evaluate the impact of radiation dose, lesion size and contrast, and reconstruction methods on object detection. In total, 1600 trials were presented to both model and human observers. Three medical physicists acted as human observers and were allowed to page through the 3D volumes to make a decision for each 2AFC trial. The human observer performance was compared with the performance of a multislice channelized Hotelling observer (CHO_MS), which integrates multislice image data, and with the performance of previously validated CHO, which operates on static 2D images (CHO_2D). For comparison, the same 16 2AFC studies were also performed in a 2D viewing mode by the human observers and compared with the multislice viewing performance and the two CHO models. Results: Human observer performance was well correlated with the CHO_2D performance in the 2D viewing mode [Pearson product-moment correlation coefficient R = 0.972, 95% confidence interval (CI): 0.919 to 0.990] and with the CHO_MS performance in the multislice viewing mode (R = 0.952, 95% CI: 0.865 to 0.984). The CHO_2D performance, calculated from the 2D viewing mode, also had a strong correlation with human observer performance in the multislice viewing mode (R = 0.957, 95% CI: 879 to 0.985). Human observer performance varied between the multislice and 2D modes. One reader performed better in the multislice mode (P = 0.013); whereas the other two readers showed no significant difference between the two viewing modes (P = 0.057 and P = 0.38). Conclusions: A 2D CHO model is highly correlated with human observer performance in detecting spherical low contrast objects in multislice viewing of CT images. This finding provides some evidence for the use of a simpler, 2D CHO to assess image quality in clinically relevant CT tasks where multislice viewing is used.
INTRODUCTION
Task-based image quality assessment using model observers 1, 2 has gained popularity in recent years to objectively quantify imaging performance in clinical CT. [3] [4] [5] [6] [7] [8] [9] [10] [11] Some of the applied models operate in the spatial frequency domain assuming linear shift invariance 4, 6, 8, 11 ; whereas, others, primarily channelized Hotelling observers (CHO), operate in spatial domain. 3, 5, 7, 9, 10 Spatial domain CHO-based model observers are advantageous because they are applicable to images formed by nonlinear iterative reconstruction (IR) or denoizing processes. 10, [12] [13] [14] For many image quality assessment applications, it is important to validate the correlation between model and human observer performance. The performance of different CHO models have been previously validated for different tasks, including: low-contrast object detection, 5 low-contrast object localization, 7 and object classification. 9 However, these studies focused on tasks that only involve 2D signals in static 2D images, and both model and human observer tasks were performed on 2D images.
In CT clinical practice, radiologists often read images by scrolling through multiple image slices to detect or characterize 3D lesions. Information acquired from this multislice (MS) viewing mode is inherently integrated by the radiologist's visual system to render a decision or diagnosis. This MS viewing mode differs from either a 2D static viewing mode or a fully 3D viewing mode that utilizes various 3D rendering techniques. Several strategies have been previously developed to model MS viewing into CHOs. 15, 16 Application of these models and the correlation with human observer performance in low-contrast detection tasks were investigated in two recent studies. 17, 18 Despite these two fairly limited studies, it remains challenging to fully model all the visual effects when scrolling through multiple images in a 3D volume. Relatively little is known regarding how radiologists detect lesions in this type of combined spatial-temporal image display. In addition, CHO models that incorporate MS viewing (CHO_MS) will need more free parameters than CHO_2D, and so it may require substantially more sample images for validation and training, which increases image acquisition and processing burden as compared to CHO models operating purely in 2D (CHO_2D). Because of the difficulty in modelling the MS viewing, the amount of data needed, and the computational complexity, CHO_MS has not been aggressively pursued for routine quality control and imaging performance assessment. Conversely, the more facile application of CHO_2D promotes its use for routine quality assessment. So it would not be unreasonable to investigate if a 2D model, which has years of validation, can still have a good correlation with human observer performance in a task involving MS viewing -a more clinically relevant task. If this correlation can be demonstrated, then a CHO_2D could still be confidently applied for routine image quality assessment or quality control testing.
The purpose of this study was to have both human and model observers perform a phantom-based low-contrast object detection tasks in both 2D and MS viewing modes, and to compare the resulting performance metrics. The specific tasks included detection of low-contrast objects of multiple sizes and contrast levels that were imaged at different radiation dose levels and reconstructed with both filtered-backprojection (FBP) and IR methods. In the current study, the task will be limited to a simple 2-alternative forced choice (2AFC) detection of spherical signal with shape, size, and contrast known exactly and a uniform background.
METHODS

2.A. CT data acquisition
In this study, a phantom (Helical CT Phantom, CIRS Inc., Norfolk, VA, USA) with a diameter of 18 cm and a length of 4 cm was used [ Fig. 1(a) ]. The phantom contained three groups of low-contrast objects [nominal contrast levels: 5, 10, and 15 HU below the liver-equivalent background (~50 HU)]. Each contrast-level group included six spheres and two rods. The diameters of the six spheres were 2.4, 3.2, 4.0, 4.8, 6.3, and 9.5 mm. A cross-section of the phantom is shown in Fig. 1(b) . In this study, we investigated detection of the five spheres with diameters between 3.2 mm and 9.5 mm only, which were the objects from the third row to the seventh row in the figure.
The phantom was scanned on a dual-source 192-slice CT scanner (Somatom Force, Siemens Healthcare, Forchheim, Germany), operated in single-source mode with the full 50 cm scan field of view. The scanning parameters were as follows: 120 kV, 192 9 0.6 mm detector The nominal contrast level of the three groups of low-contrast disks are À20, À10, and À5 HU respectively. The objects used in this study were spheres from the 3rd row to the 7th row, which had a diameter of 3.2, 4.0, 4.8, 6.3, and 9.5 mm respectively. [Color figure can be viewed at wileyonlinelibrary.com] configuration (physical z-coverage 96 9 0.6 mm, with a zflying focal spot), 0.5 second rotation time, and 0.6 helical pitch. Five fixed tube current settings were used: 400, 200, 100, 50, and 25 effective mAs (mAs/pitch), corresponding to a volume CTDI (CTDI vol ) of 27, 13.5, 6.8, 3.4, and 1.7 mGy respectively. Automatic exposure control was not used since the phantom is a cylinder. At each dose level, the phantom was scanned 100 times to provide an ensemble set of images for both human and model observers. Images were reconstructed using both a medium-smooth filtered backprojection (FBP) kernel, Br40, that is typically used for soft tissue reconstruction, and an IR method (ADMIRE, ADaptive Model-based Iterative Reconstruction, Siemens Healthcare) with a strength setting of 3, Br40-3. The strength setting of the IR method was from 1 to 5, with 1 the weakest and 5 the strongest noise reduction. Image slice thickness and increment were 1 mm and 0.5 mm respectively. Reconstruction field of view was 18 cm 9 18 cm, which included the entire phantom.
2.B. Data preparation for observer studies
To evaluate the impact from radiation dose, lesion size, lesion contrast, and reconstruction methods, 16 conditions were selected from 50 possible experimental conditions (5 diameters, 5 dose levels, and 2 reconstruction algorithms) for the observer studies, which are listed in Table I A 3D volume of interest (VOI) surrounding each sphere was extracted (Fig. 2) . In the axial slice, the dimension of the VOI was approximately three times the diameter of each sphere. Along the longitudinal direction, the dimension of the VOI was equal to the diameter of each sphere. For each sphere, another 3D VOI was extracted from exactly the same in-plane location, but 2 cm away along the longitudinal direction. These VOI served as the signalabsent background.
Signal present and absent VOIs were randomly placed side-by-side to create a 2-alternative forced choice (2AFC) trial. For each 2AFC trial, observers were challenged to decide which VOI contained the signal. Sixteen 2AFC studies were generated, each with 100 trials. In total, 1600 trials were presented to both model and human observers.
2.C. Human observer studies
Three board-certified medical physicists participated in the human observer studies. Each was presented 16 2AFC studies for multislice viewing mode. Observers were allowed to page back and forth through multiple slices of the 3D volumes. The observer controlled the scrolling speed according to their own comfort level. For each 2AFC task, the object's expectation image (created from the ensemble average) was presented to the human observer and displayed next to the sample test images in the graphical user interface (Fig. 3 ). For comparison, the same 16 2AFC studies were also performed in a 2D viewing mode. In this mode, only the central slice was shown and the observers were not allowed to scroll through the slices. In all studies, images were displayed in a fixed window width (80 HU) and window level (50 HU). The viewing distance was approximately 40-50 cm. The display monitors were calibrated based on those specified in the ACR Technical Standard for Electronic Practice. The observation rooms were dimly illuminated with low ambient light in line with ACR specifications. The observers were encouraged to take a break between reading sessions to avoid fatigue. Percent correct (Pc) values for each observer and each 2AFC study were calculated by dividing the number of correct decisions by 100 -the total number of trials.
2.D. Model observer studies
2.D.1. CHO_2D
For images presented in the 2D static viewing mode, a previously validated CHO_2D model was used to calculate the Pc for each of the 16 conditions at different dose levels, reconstructions, object contrast and sizes. 5 The CHO calculation is briefly summarized below.
The test statistic of a CHO is given by
T g is the channelized image and x CHO is the template defined as
where g sc ¼ U T g s and g bc ¼ U T g b are the channelized ensemble average of the signal present and signal absent images respectively.
½ is the channelized intraclass scatter matrix (average of the covariance matrix for the channelized images when the signal is present and
. U is the matrix representation of the channel filters. g sc ¼ U T g s and g bc ¼ U T g b denote the channelized images when signal is present and absent respectively.
Many different types of filters have been used to channelize images, including Gabor, 19 Laguerre-Gauss (LG), [20] [21] [22] [23] and difference of Gaussian (DOG). 24 In this study, we applied Gabor filters as they have been demonstrated to model human visual system responses. 25 A 2D version of Gabor filters can be expressed as , where x f is the bandwidth in spatial frequency domain. Three orientations (0, p/3, and 2p/3 radians) and 1 phase (0) were also used. Compared to the setup that was used in Ref. [5] , a few changes were made. First, only 1 phase was used. Second, FIG. 3 . Graphical user interface for the 2AFC human observer studies in both static 2D viewing mode and multislice viewing mode. The ensemble average of the signal-present images was shown at the side. In the MS mode, observers were required to scroll multiple slices before they made a decision. In the 2D mode, observers were not allowed to scroll slices. [Color figure can be viewed at wileyonlinelibrary.com] the number of passbands was reduced from 6 to 4. Third, the number of orientations was reduced from 5 to 3. These changes led to a total of 12 channels in the current CHO implementation. The reason why we reduced the number of channels was because the contribution by the additional phase, frequency passbands, and orientations was negligible for the studied task. More importantly, fewer number of channels may lead to better statistics of the CHO calculation and may require fewer number of repeated scans. 26 With 12 channels, the currently available 100 repeated scans are sufficient to train the covariance matrices and provide negligible bias in a resubstitution method.
2.D.2. CHO_MS
We applied a multislice CHO (CHO_MS) method originally proposed by Chen et al. 15 and later expanded by Plastisa et al. 16 to predict the observer performance when a multislice viewing mode was used. In Plastisa et al.'s work, three different designs of CHO_MS were proposed, types a, b, and c, to model how human observers utilize the multislice information when scrolling across slices. In the current study, we focused on the type-a method, which was also used by Gifford et al. 27 In this method, 2D CHO templates are first estimated for all slices, slice by slice, using the training set of VOI, which is given by
where N denotes the total number of slices in the VOI and i the index of slices. 
After obtaining the test statistics for each slice, the next step was to integrate them into a single test statistic, which was achieved by using a Hotelling model. With relatively few k i elements, which are determined from only tens or hundreds of slices, channelization is not necessary. The test statistics for all n slices can be written in a form of vector, k z ¼ fk i ; i ¼ 1; 2; . . .; ng. The Hotelling model first calculates a template for all n slices combined, which is given by
where k sz and k bz denote the vectors of the mean test statistics of the signal present and absent VOIs, respectively, S z ¼ 1 2 ðK sz þ K bz Þ denotes the intraclass scatter matrix of the test statistics, i.e., the mean of the covariance matrix:
An integrated test statistic k is subsequently calculated by
This step is called the multislice integration step. Figure 4 illustrates the procedures to calculate the test statistics integration across multiple slices.
In the CHO_MS calculation, we applied the same Gabor filter parameters as in the CHO_2D calculation: 4 passbands 9 3 orientations 9 1 phase = 12 channels.
2.D.3. Internal noise
After calculating the test statistics, an internal noise component was added according to the following equation:
where a is a weighting factor, x is a normally distributed random variable with a zero mean and a standard deviation of that were obtained from the square root of the variance of the   FIG. 4 . Illustration of the procedure for CHO_MS calculation. Two primary steps are involved. The first step is referred to as single-slice preprocessing, where the calculation of test statistics for each slice is performed in the same way as that in the CHO_2D calculation except that different templates are applied for each slice. The second step is called multislice integration, which involves integrating test statistics from multiple slices into a single test statistic by using a Hotelling model. This procedure is essentially the same as the method proposed by Chen et al. 15 and the type a method described by Plastisa et al. 16 test statistics for the signal-absent images. For the CHO_2D, the internal noise was added to the test statistics of the central slice. For the CHO_MS, the internal noise was added to the test statistics after multislice integration. The internal noise weighting factor was set to 1.35 and 1.9 for the CHO_2D and CHO_MS respectively. The weighting factor was determined by using the condition 7 (50 mAs, 14 HU, 4 mm, Br40-3) as the calibration reference to match the model observer and human observer performance. After adding the internal noise, the test statics were compared and the 2AFC decision was made.
2.E. Figure of merit and data analysis
The percent correct (Pc) for 100 pairs of signal-present and signal-absent images (VOIs) was calculated and used as the figure of merit (FOM) to describe the low-contrast detectability. The Pc obtained from the 2AFC experiment is equivalent to the area under the receiver operating characteristic (ROC) curve (Az).
We used a "resubstitution" strategy 28 to calculate the test statistics, i.e., the same set of images was used for training and testing the model. In other words, the same set of images used to build the template were used to calculate the decision variables and hence the FOM. Different from the holdout method, this method introduces positive bias in the FOM, but decreases with increasing number of samples (i.e., scans).
In order to obtain the mean and standard deviation of the test statistics, a bootstrap method was used, in which 100 samples were selected with replacement from the existing 100 images (VOIs) to create new datasets. The likelihood of selecting each sample is the same and each image can be selected repeatedly. Each condition was repeated 200 times to calculate the mean and standard deviation of the test statistics.
The mean and standard deviation of the three reader results for each condition were calculated. The Pearson product-moment correlation coefficient between the CHO and human observer results (averaged over the three readers for each condition) was calculated for (a) CHO_2D vs. human observer in the 2D viewing mode, and (b) CHO_MS vs. human observer in the MS viewing mode (JMP 9.0.1, SAS Institute Inc., Cary, NC, USA). To determine if CHO_2D still correlates well with human observer in the MS viewing mode, we also calculated the correlation between (c) CHO_2D (calculated from the 2D viewing mode) vs. human observer in the MS viewing mode. Figure 5 compares the performance of human observers and CHO_2D for each of the 16 conditions. To better visualize the results, the 16 conditions listed in Table I Figure 6 compares the performance of human observers and CHO_MS for each of the 16 conditions. Again, the 16 conditions listed in Table I were categorized into four groups and plotted in the same figure. Observer performance was highly correlated between CHO_MS and human observers using the multislice viewing mode (R = 0.952, 95% CI: 0.865 to 0.984). Figure 7 compares the performance of human observers in the MS viewing mode and CHO_2D for each of the 16 conditions. Again, the 16 conditions listed in Table I were categorized into 4 groups and plotted in the same figure. It can be seen that observer performance was highly correlated between CHO_2D in the 2D viewing mode and human observers in the MS viewing mode (R = 0.957, 95% CI: 0.879 to 0.985). Table II shows the correlation between various combinations. It is interesting to note that, although the CHO_MS correlates well with human observers in the MS viewing mode, the correlation coefficient was the worst among all configurations.
RESULTS
3.A. Correlation between CHO and human observers in the 2D viewing mode
3.B. Correlation between CHO_MS and human observers in the MS viewing mode
3.C. Correlation between CHO_2D and human observers in the MS viewing mode
3.4. Does the MS viewing mode improve performance over the 2D mode? and all readers averaged. Human observer performance varied among readers between the MS and 2D modes (Table III) . One reader performed better in the MS mode; whereas the other 2 readers showed no significant difference between the 2 modes. Overall, there was no significant difference between the 2D and the MS viewing modes.
DISCUSSION
We performed a human and model observer study to compare the performance of low-contrast detection in a 2AFC task using both a 2D static viewing mode and a MS viewing mode. The model observer was based on CHO and calculated for both modes: CHO_2D and CHO_MS. There were 4 major findings from this study: (I) CHO_2D is highly correlated with human observers in the 2D viewing mode; (II) CHO_MS is also well-correlated with human observers in the MS viewing mode; (III) CHO_2D in the 2D viewing mode is well correlated with human observers in the MS viewing mode; (IV) No significant improvement was shown for the MS viewing mode over the 2D viewing mode for human observers in the studied 2AFC low-contrast detection task.
Findings (I) and (II) are not new. Finding (I) confirmed the results shown in our previous publication: the CHO_2D correlates well with human observers in a 2D static viewing mode.
5 Finding (II) was similar to the results shown in a recent publication by Ba et al. 29 where they showed a good agreement between CHO_MS and human observers in the MS viewing mode as well. In Ba et al.'s study, two different models were tested, one using a slice-specific template (the same as in the current study) and the other using a template from the central slice. They concluded that there was no significant difference between these two models.
The key new contribution of the current study is the Finding (III): CHO_2D in the 2D viewing mode correlated well with human observers in the MS viewing mode for the task of detecting low contrast spherical objects. This finding is important for practical implementation of CHO-based image quality assessment in clinical CT. Despite its many advantages compared to traditional metrics such as MTF, noise, and contrast-to-noise ratio, CHO-based image quality assessment has not been widely adopted as a routine CT image quality assessment tool. One of the main roadblocks is the required large number of repeated scans to train a model, for both CHO_2D and CHO_MS. We performed 100 repeated scans at each dose level in the current study. From statistical perspective, this is still a small number to train a CHO model. However, it is extremely challenging in routine practice to require a measurement to be repeated by 100 times or more. Therefore, even for the simpler 2D mode CHO, tremendous efforts have already been devoted to making the measurement of CHO-based image quality metrics more efficient by optimizing the number of repeated scans, 26 optimizing channel filter selection, 30 and utilizing multiple slices of low-contrast objects in a cylindrical shape to reduce the number of repeated scans. 31 Some of these strategies such as utilizing multiple slices in a cylindrical shape do not work for the CHO_MS model. In addition, the amount of data that need to be processed in a MS model could be more than 10 times higher than a 2D model, which is a huge burden for routine quality control testing. If a CHO_2D does not well represent human performance in the more relevant MS viewing mode, additional efforts would be required to incorporate multislice sets of images into the CHO calculation. Consequently practical implementation of CHO-based image quality metrics would become even more burdensome. Based on the Finding (III) in the current study, at least for the task of detecting spherical low-contrast objects, one can directly calculate the CHO using 2D phantom images to correlate with the image quality obtainable in a more realistic viewing mode that involves multislice scrolling, which would be much more efficient than the multislice CHO implementation.
It is interesting to note that we did not observe significant improvement with the MS viewing mode compared to the 2D static viewing mode in the studied low-contrast detection task [Finding (IV)]. Presumably, by scrolling through multiple slices, the low-contrast objects, if present, would provide more information that could be utilized by the observer. However, it appears that one of the observers benefitted from the MS viewing mode, while the other two observers did not. One of the reasons might be that, for the 2D static viewing mode, the central slice was directly displayed to the observer, which contains the most evident signalpresent slice. Other slices containing less obvious signal may not have provided additional information to help the decision making process for the observer. This observation appears to be only applicable to detection tasks for objects without elongated dimension along the z-direction. When the object has a large size along the z-direction such as a long vessel, the multislice viewing should help.
There are some limitations in this study. First, we did not study the impact of scrolling speed, slice thickness and interval. The observers were allowed to scroll back and forth at their own pace, which is consistent with realistic reading of patient images. Slice thickness and interval may also have some impact on the observer performance during the multislice scrolling, which remains a future research topic. Second, 2AFC is the simplest form of localization (observers choose from two possible locations). It is likely that all the findings can be generalized to a localization task when the location of the signal is completely unknown, just like in our previous validation of CHO for both 2AFC and localization tasks in a 2D viewing mode, 5, 7 but this remains to be confirmed in a future study. Third, only a simple task with signal known exactly and a uniform background was investigated in the current study. In more realistic and complex tasks with anatomical and varying background and/or varying signal shape, size, contrast, and location, it is expected that the detection performance of human observers will degrade. 32 The performance in the MS viewing mode is expected to be much improved over the 2D viewing mode since multislice scrolling becomes helpful for the observers to differentiate signal from anatomical structures and background noise, especially when anatomical structures in a 2D image mimic the signal, such as in the lung where some vessels are hard to be differentiated from nodules without scrolling across multiple slices. Along the same line as demonstrated in the current study, if the performance estimated by a model observer in the 2D mode (with or without anatomical background, with or without localization task) can still be demonstrated to correlate well with the human observers in MS viewing mode with realistic anatomical background, CHO-based image quality assessment for clinical CT tasks and quality control will be greatly simplified. Finally, only 3 readers participated in the human observer study and the results showed some variation among readers, especially regarding whether the multislice reading is helpful or not. These topics remain to be investigated in the future.
CONCLUSIONS
CHO-based model observers with both a 2D model and a multislice model were validated to be highly correlated with human observers in a 2AFC low-contrast detection task that involves multislice reading. A 2D CHO model is highly correlated with human observer in detecting spherical low contrast objects in multislice viewing of CT images. This finding potentially justifies the use of a simpler, 2D CHO to assess image quality in clinically relevant CT tasks where multislice viewing is used.
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